Structures of peptide fragments drawn from a protein can potentially occupy a vast conformational continuum. We co-ordinatize this conformational space with the help of geometric invariants and demonstrate that the peptide conformations of the currently available protein structures are heavily biased in favor of a finite number of conformational types or structural building blocks. This is achieved by representing a peptides' backbone structure with geometric invariants and then clustering peptides based on closeness of the geometric invariants. This results in 12,903 clusters, of which 2207 are made up of peptides drawn from functionally and/or structurally related proteins. These are termed "functional" clusters and provide clues about potential functional sites. The rest of the clusters, including the largest few, are made up of peptides drawn from unrelated proteins and are termed "structural" clusters. The largest clusters are of regular secondary structures such as helices and beta strands as well as of beta hairpins. Several categories of helices and strands are discovered based on geometric differences. In addition to the known classes of loops, we discover several new classes, which will be useful in protein structure modeling. Our algorithm does not require assignment of secondary structure and, therefore, overcomes the limitations in loop classification due to ambiguity in secondary structure assignment at loop boundaries.
Introduction
Globular proteins are made up of regular secondary structures such as a-helices and b-strands and non-regular secondary structures, which are referred to as loops. The regular secondary structures are defined based on a regular pattern of the backbone torsion angles for consecutive amino acid residues or periodic patterns of hydrogen bonding between the backbone NH and CvO groups. 1 Loops are the regions that join the regular secondary structures and lack the regularity of torsion angles for consecutive residues. In fact, loops, polypeptide fragments from proteins, which trace a "loop-shaped" path in three-dimensional space, were considered to be random coils until recently. 2 Loops are highly compact substructures and are typically situated at the protein surface. Certain loop geometries have been shown to recur across non-homologous proteins, which forms the basis for classification of loops into structural families. For example, the b-hairpin and a-turn families of loops have been described in detail. 1,3 -7 A much wider classification of loops of various categories has been provided by Kwasigroch et al. 8 and by Oliva et al. 9 Loop classification has important implications in protein structure modeling and in fitting the NMR distance constraints or an X-ray crystallography electron density map to a loop geometry. On the contrary, no such fine-grained classification has been attempted for a-helices and b-strands, although detectable variations are reported in these regular secondary structures. 10 Several authors have considered loops as connections between specific secondary structures, rather than as independent structural motifs. 8, 9, 11 Thus, loop classification begins with assignment of "frontier" amino acid residues to the secondary structures that a loop connects. The loops are first classified based on the types of secondary structures that they connect followed by the number of residues in the loop and finally based on the loop geometry. Bystroff & Baker 12 have developed a library of sequence-structure motifs via clustering of the k-mer words derived from the amino acid sequences of the Protein Data Bank. The resultant clusters are further processed and pruned to obtain structural families of the k-mer peptide fragments. The library is likely to miss the structural motifs that do not correlate well with a sequence motif. Despite this limitation, the library has been shown to be useful in predicting the structure of proteins based on the sequence-structure patterns. 13 It is now known that many families of proteins have evolved to perform multiple related functions with variations in loop regions on a relatively conserved framework. 14 The immunoglobulin family is an excellent example, with the well-known hypervariable loop regions. Nature has evolved a system designed to bind virtually any antigen by variation in the sequence and length of just six loops. Despite the wide variation in the nature of antigen, loops in the immunoglobulin family have been classified into structural families via automated 14 or manual classification procedures to define canonical classes. 15, 16 Sequence signatures 17 are a well-characterized feature of proteins. For example, the PROSITE, 18 
PRINTS
19 and Blocks 20 databases provide an extensive survey of family/sub-family-wise sequence signatures based on multiple sequence alignments. While the PROSITE patterns are defined in principle as the shortest discriminating sequences, in order to improve the recognition power for distant relatives, multiple sequence motifs for a family have been introduced. These sequence patterns are considered to include those residues that play important roles in the function of the protein or in the formation of the core structure of the protein. Therefore, it is expected that for each conserved sequence pattern there is a common threedimensional structure, which can be considered characteristic of the function. As a result, some of these sequence signatures have been converted to structural signatures by superimposing the corresponding sub-structures in an attempt to define a three-dimensional functional pattern. 21 Typically, each sequence signature covers only a family of homologous proteins. Thus, the structural templates derived from the PROSITE sequence signatures are not likely to include such structural motifs, which span across several protein families. Moreover, no information has been presented on the uniqueness of the structural motifs to a homologous family of the proteins.
We present a fine-grained classification of all types of regular and non-regular secondary structures present in the current version of the PDB_95 protein structure data set. 22 The input consisted of ca 1.2 million octapeptide structural fragments drawn from the PDB_95 set. Our method clusters the peptide fragments based purely on backbone structural similarity. We use geometric invariants to arrive at superimposability of structural fragments. We have previously demonstrated the utility of geometric invariants in clustering geometrically similar patterns of three to six amino acid residues. 23 This eliminates the computationally explosive process of finding out the superposing transformation for all the possible pairs of fragments. The results provide a finer classification of the known secondary structural categories of a-helices and b-strands in addition to providing thousands of new categories of nonregular secondary structures. For example, the b-strand fragments get classified into several clusters where the peptides from two different clusters are not superimposable. Several other clusters were of loops with or without the adjoining secondary structural elements and spanned across many SCOP superfamilies. Although the proteins as well as the fragments of these clusters were highly non-homologous, some key positions were highly conserved in the turn regions. In addition, several SCOP superfamily specific clusters were obtained.
Algorithm
In this section, we describe the algorithm for detection of recurring structural motifs from the protein universe (Figure 1) . Here, the backbone structure of a peptide segment from a protein is referred to as structural motif. We use only the C a atoms as an approximate representation of the backbone structure of a peptide. Our input dataset is comprised of PDB structures from the PDB_95 non-redundant set from the ASTRAL database 22 where no two peptide chains are greater than 95% identical. Our analysis considers overlapping peptide segments of k amino acids.
Geometric invariant theory
Two peptides, X and Y, are said to be superimposable if there exists a rigid body transformation (a group of translations and rotations), which brings the corresponding atoms in the two peptides close to each other. We denote this as X , Y with , being the equivalence relationship. Given a space C of conformation of peptides, a real valued function f: C ! R is called an invariant if X , Y implies f ðXÞ < f ðYÞ: Examples of geometric invariants include volume, surface area and perimeter of a polyhedron. Previously, we have described the utility of geometric invariants in detecting recurring structural patterns in the protein universe. 23 It is important to note that it is possible to determine the validity of X , Y via geometric invariants without actually computing the transformation that superposes X with Y: 24 -26 The crucial point now is to be able to select a suite of invariants FðXÞ ¼ ð f 1 ðXÞ; f 2 ðXÞ; …; f k ðXÞÞ that we can use to co-ordinatize the configuration space C. In some norm on R k , if kðXÞ 2 ðYÞk , 1, then we declare X and Y to be superimposable.
Representation and parameterization of a peptide segment structure
We use the C a atoms to represent the backbone structure of a protein. Thus, a peptide structural fragment derived from a protein, say an octapeptide, is essentially a geometric structure with eight points (the eight C a atoms) in R 3 space with labels C a1 , C a2 , …, C a8 assigned to each of the points (Figure 2 ). We now construct several tetrahedra from these eight points. For example, the first tetrahedron is made up of points C . Likewise, we construct four more tetrahedra for an octapeptide with each tetrahedron having four consecutive points. We call these tetrahedra_gap_0. In addition, we construct tetrahedra with alternate points such as C a1 , C a3 , C a5 and C a7 , which we label as tetrahedron_gap_1. It may be noted that the tetrahedra constructed here are a subset of all possible tetrahedra ( 8 C 4 ) that can be constructed from an octapeptide. For our purpose, we select a subset of these tetrahedra. For each tetrahedron, we compute several geometric invariants such as the perimeter, sum of edge squares, sum of centroid to point distances, etc. (Table 1 ). The signed volume of the tetrahedron is an important invariant as the sign can distinguish between the non-superimposable mirror images. The suite of invariants was carefully chosen after extensive trial and error on training data to address the following two issues: (1) for superimposable peptides, the invariants must be similar within a tolerance limit; and (2) for a pair of nonsuperimposable peptides X ï Y, there must be at least one geometric invariant such that f ðXÞ ï f ðYÞ:
For each octapeptide segment (including the overlapping ones), the corresponding tetrahedra are generated. This includes two tetrahedra_gap_1 and five tetrahedra_gap_0. For each tetrahedron, eight geometric invariants are calculated (Figure 2) . Thus, an octapeptide is described by a vector of 56 geometric invariants. In a similar representation, a longer peptide, say a decapeptide, is represented by a larger number of invariants. In this analysis, it is imperative that a given tetrahedron may be the third tetrahedron of one peptide and the first tetrahedron of another peptide. To avoid duplication, the string of valid tetrahedra and their invariants is listed for each protein. For peptides, the relevant tetrahedra and their invariants are called from this list to map peptides into vectors.
Clustering algorithm
The clustering algorithm is a standard data mining subroutine and its implementation is a modified version of that described by us earlier. 23 The input is a collection of points in k-dimensional space, which are essentially the collection of peptide segment structures described by the k geometric invariants. The clustering algorithm searches for dense regions in this k-dimensional space. A region is defined as the k-dimensional box obtained by the conjunction of the tolerance windows in each dimension. The search for dense regions is carried out in a breadth-first manner as described before 23 such that all the peptides in the protein universe are first passed to the first dimension to create clusters that satisfy the tolerance criterion on the first dimension followed by the second dimension and so on.
At this point, we have introduced an implementation trick as follows. The 56 invariants describing an octapeptide are drawn from seven different tetrahedra as described above. A given tetrahedron i could be the third tetrahedron for peptide i 2 2 or the first tetrahedron for peptide i. The 56-dimensional representation of octapeptides may lead to redundancy in data and execution of the clustering algorithm. Thus, we first cluster the two types of tetrahedra, tetrahedra_gap_1 and tetrahedra_gap_2, each on an eight-dimensional space, separately. The search for clusters of octapeptides is now a true search problem as follows. 
These could be subsets of the detected clusters of the tetrahedra. The search operation is easily carried out via repetitive set intersection operations. Clusters of longer peptides, say decapeptides, can be obtained by applying conjunctive criteria of additional tetrahedra as a larger number of tetrahedra are contained within a decapeptide compared to an octapeptide. Moreover, additional types of tetrahedra, such as tetrahedra_gap_2 are introduced while examining the clusters of longer peptide segments.
The tolerance windows are obtained from a training regime as described earlier. 23 We select a collection of peptide segment structures, which are known to be superimposable with each other. For each invariant, a tolerance value, Window ðW i Þ; is chosen that exceeds the variance in the peptides in the training data. The second parameter, the threshold number of peptides required to declare a region as dense, was selected to be 5 after initial trial runs on the PDB_95 dataset. This allows us to capture the family-specific structural motifs as well as loops in addition to the standard secondary structural classes.
Post-processing of clusters
The clustering algorithm is likely to generate 
overlapping clusters, which may be adjacent in the k-dimensional space of geometric invariants. Such adjacent clusters were merged if the centroids of the two clusters satisfied the conjunctive criteria of closeness on all the k coordinates. The closeness criteria for the centroids of clusters l and m was set as lX l i 2 X m i l , 0:3xW i , where W i is the maximum allowable width of the cluster in the ith dimension.
Estimation of sequence conservation-based information content and average phi -psi angles of peptides in a cluster Information content based on amino acid conservation pattern was estimated for each of the eight positions for each cluster and then sequence logos were constructed as described. 27 A regular expression was derived for each position to indicate the preferred amino acids or excluded amino acids at that position in a cluster. The backbone torsion angles (phi -psi angles) were calculated by considering the co-ordinates of N, C a , and C atoms of the each of the amino acid residues of the octapeptide with the C atom of the residue preceding the octapeptide and N atom of the residue subsequent to the octapeptide. The average torsion angle (phi or psi) at a given residue position in a cluster of superimposable peptides were obtained as an arithmetic mean of the torsion angles calculated for each peptide separately.
Hierarchical clustering of clusters
Each cluster of peptides is represented as a centroid or a point in the 56-dimensional space. These clusters are further clustered via a hierarchical clustering algorithm. The hierarchical tree is divided into 30 supergroups at major branch points while each supergroup is divided into up to 19 groups. This provides a clear relationship between the clusters.
Results
The input dataset consisted of the PDB structures 28, 29 of 4849 peptide chains, with a cumulative chain length of 1,245,745 amino acid residues, drawn from the PDB_95 dataset of the ASTRAL database. 28 Approximately 1,189,057 valid overlapping opctapeptide structural fragments were drawn from these peptide chains. Each octapeptide was represented as a vector of 56 geometric invariants. Thus, each peptide is a point in the 56-dimensional space. A clustering algorithm was employed to group peptides based on closeness of geometric invariants. A deterministic clustering algorithm was used where the maximum allowable width in the ith dimension, W i ; was predecided (Table 1) using training data. The training data consisted of true structural matches for structural signatures derived from PROSITE signatures and were adapted from reported results. 21 The cutoff for minimum size of the clusters was set at five peptides and was independent of the number of proteins from which the peptides are drawn. Clustering and post-processing of the clusters resulted in 12,903 clusters of peptide fragment structures. The PDB structures used in the input and the details of each cluster are provided as Supplementary Material. These clusters together account for 466,030 octapeptides and cover 956,823 amino acid residues out of the 1,245,745 residues in the input protein structure data. Of the 12,903 clusters, the largest 100 clusters account for 261,342 peptides and cover 536,197 amino acid residues. To ascertain that the peptides in a cluster are indeed superimposable, five randomly chosen peptides from each cluster were superimposed using SwissPdbViewer. 30 The RMSD values for the superposed peptides were below 1.0 Å for each cluster. 
Categorization of clusters
It was of interest to determine whether the peptides of a cluster are drawn from proteins that have overall structural/sequence homology with each other. SCOP classification provides a hierarchical classification of PDB structures. 31 PDB structures of a common SCOP superfamily are believed to share functional and/or structural relationship with each other. Thus, we tagged our clusters as "functional" clusters if more than 70% of the peptides of that cluster belong to a common SCOP superfamily. All other clusters were termed as "structural" clusters as the structural similarity of the peptide fragments of these clusters is not based on evolutionary/functional relationships between proteins. A total of 131 superfamilies were found to have at least one functional cluster per family. Functional clusters were mainly made up of loop regions. The structural clusters were of regular secondary structures as well as of loops with or without the adjoining secondary structures.
A distribution of the cluster size is shown in Figure 3A . The largest cluster consisted of 166,662 peptides followed by second largest cluster of 8257 peptides. We detected a total of 23 clusters with each cluster containing more than 1000 peptides. The large clusters typically tend to be structural clusters (Tables 2 -4 ). The functional clusters tend to be small with the largest functional cluster of 306 peptides which was of the immunoglubulin superfamily. A sequence conservation pattern for the octapeptides of each cluster was quantified in the form of information content for each residue position. 27 Some of the clusters showed high residue conservation at one or more of the eight positions. The distribution of average information content of the clusters is shown in Figure 3B . The average of the information content of the eight positions reflects the overall sequence conservation of the octapeptides of the cluster. This information content is not related to the sequence alignment of the amino acid sequences of the proteins from which the peptides are drawn. The functional clusters show a consistently high information Table 2 . b The standard loop nomenclature is provided if matches are found for one or more peptides from a given cluster with the known loop categories. 1, 7 c The LOOP class nomenclature is provided if matches are found for one or more peptides from a given cluster with the LOOP database.
9 content (Table 5) . For structural clusters, we analyzed the dependence of the information content on cluster size. Smaller clusters showed higher information content than the larger ones ( Figure 4) . The lowest information content that is possible for a cluster is shown by a bold line. Interestingly, all the clusters show information content greater than the lowest possible, while some clusters show very high information content for their size. This may be a result of requirement of certain amino acid residue or residue types to attain a certain conformation at that position in the peptide.
Structural clusters
A total of 10,696 clusters were declared as structural clusters with their sizes ranging from five to 166,662 peptides per cluster. Examination of secondary structure assignment of the peptides of a cluster reveals that the majority of the peptides of a cluster had similar assignments. Each cluster was made up of either regular secondary structures such as helix or sheet, or non-regular structures of loops with or without the secondary structures. This has resulted in several clusters of helices, of beta sheets and of loops. It is expected that a cluster of helices would be more similar to another cluster of helices than that of beta strands. Likewise, it is of interest to understand the level of geometric similarity between the clusters. To this end, the structural clusters were further grouped based on the closeness of their centroids These "structural" clusters are neither superimposable nor have any overlap with the reported categories of Loops. 1 -7,9 Summary of all detected functional clusters available in Supplementary Material Table S3 .
a See footnotes to Table 2. in the 56-dimensional representation using the geometric invariants. Thus, the clusters were hierarchically clustered into groups and supergroups. Clusters that belong to a group are highly similar in geometry while clusters of a supergroup are broadly similar. This provides a clear-cut relationship between the different clusters, which has now been implied in the nomenclature of the structural clusters (see inset of Figure 5(a) ). A representative dendrogram is shown ( Figure 5(a) ) to indicate the hierarchical relationship between the structural clusters belonging to supergroup number 25, the supergroup with the smallest number of clusters. A heat map is shown with one representative cluster from each supergroup ( Figure 5(b) ).
Helices
Several distinct clusters were detected which were made up of helices such that all eight amino acids in the octapeptides are assigned as helix in the respective PDB structure files. 28, 29 The largest cluster S.4.1.0.11.0 was of 166,662 peptides drawn from 3983 peptide chains and contains several overlapping peptides (Table 2) . These appear to be regular helices where adjacent peptides, starting at i, i þ 1, i þ 2, etc., are superimposable. The average dihederal angles of this cluster follow values close to those for an ideal helix and do not vary with the residue position within the peptide. Except for the cluster S.4.1.0.11.0, all other helix clusters (i) do not contain adjacent peptides and (ii) show some deviation in the average phi -psi angles from those for an ideal helix. This deviation may be near the C terminus, N terminus or center of the peptide. For example, the clusters S.4.1.0.11.2, S.4.1.0.10.3, S.4.1.0.12.6 show small but noticeable deviation, yet they have been assigned helix as secondary structure in the PDB files. 28, 29 On the other hand, the clusters S.4.1.0.11.5, S.4.1.0.13.7, S.4.1.0.11.13, S.4.1.0.9.20 show significant deviation in the middle region, which amounts to a break in helix continuity. These peptides have been termed as kinked helices or helix-loop-helix with zero residues in the loop. For example, the cluster S.4.1.0.11.13 shows a break in the helicity at the third amino acid residue ( Figure 6A ). The majority of the clusters of regular helices as well as kinked helices belong to group 4.1. In fact, the group 4.1 contains 307 clusters, which together account for 214,971 peptides. In addition, we detected several large clusters of helices with one to two residue loop flanks at the N terminus or C terminus of the octapetide (Table 2 ). For example, the cluster S.12.1.1.11.1 is made up of octapeptides with a one residue loop followed by a seven residue helix. This indicates the structural conservation of the loop residue in addition to the helix ( Figure 6B ). The clusters of helices with loop residues in the N terminus belong to group 9.2 while those with loop residues in the C terminus belong to groups 21.1 and 21.3. These clusters seem to have arisen as a result of a preferred way of terminating the helix at the C or N-terminal end of the helix. Interestingly, there is noticeable variation in the sequence conservation pattern of these clusters. For example, the cluster of regular helices, S.4.1.0.11.2, does not show any sequence conservation pattern with any amino acid being acceptable at any of the positions within the peptide. All other clusters of helices, kinked helices as well as helices with N or C-terminal loops exclude proline at one to four positions where the locations of proline exclusion vary from one cluster to another ( Table 2) .
Beta strands
We detect more than 200 clusters made up of beta strands with all eight amino acids being assigned as beta strand in the respective PDB structure files. These clusters rarely contain adjacent peptides and are significantly smaller compared to the clusters of helices, with the largest cluster of beta strands being made up of 218 peptides (Table 2) . Moreover, these clusters belong to different supergroups, indicating the diversity in the geometry of the beta strands ( Figure 5B ). The sequence conservation pattern indicates that sheets exclude tryptophan as well as cysteine residues at several locations. This is in agreement with the known sequence preference pattern of strands. The plot of average torsion angles for the clusters indicates that the peptides in cluster S.13.1.0.23.104 are closer to an ideal beta strand, while the other clusters are made up of distorted or bent strands (for example, see Figure 6C ). The secondary structure assignment of beta strand to these geometrically diverse clusters is based on fulfilment of a loosely defined criterion of dihederal angles or hydrogen bonds between adjacent strands.
Loops
A large number of clusters contained loop regions within the octapeptide. The number of residues assigned as loop residues in the PDB structure file varies from octapeptide to octapeptide even within the same cluster. This may be a result of ambiguity in assignment of secondary structure. 8 The largest cluster of loops, S.1.6.1.6.19, contains 1296 peptides from 995 proteins and contains up to five loop residues with the flanking beta strands ( Figure 6D ). The classical nomenclature for the peptides in this cluster is beta hairpin of type I [1-4] þ G1 b-bulge 3:5 1 , which reflects that the number of residues in the loop is three or five, depending on the method of secondary structure assignment (Table 3 ). The second largest cluster of loops, S.23.6.1.4.32, was made up of 618 peptides from 507 proteins. These loops have been termed as beta hairpin type [1] [2] [3] [4] 4:4 1 . The geometry of these beta hairpin octapeptides seems to be more conserved than any of the beta strand 31 between the first and fourth dot, average information content of the cluster between the fourth and fifth dot, C a1 -C a8 distance between the fifth and sixth dot and a unique identification number for each cluster after the sixth dot. See the legend to Table 2 for unique id.
b See footnotes to Table 2 . The known functional amino acid residues are shown in bold font.
octapeptides. We decided to compare our clusters with some of the broad-based loop classification databases 8, 9, 32 in addition to the specialized classification of certain categories of loops. 1, 4 To that end, each of the peptides in our clusters was scanned against the Loop 8 and Sloop 32 database. A total of 341 of the clusters showed at least one match with the known classes of loops described in the Loop database, while 4077 of the clusters show at least one match with those of the SLoop database. For example, peptides from cluster S.1.6.1.6.19 have been assigned beta hairpin class no 3.1.1, while those from cluster S.23.6.1.4.32 are assigned beta hairpin class number 4.1.1 in the Loop database (Table 3) . Examples of clusters with known Loop nomenclature are shown in Figure 6D -F. However, in several cases, two peptides from a cluster match with two distinct class numbers or even a totally different category of loops in the Loop database. For example, peptides 1NBA-A-220 and 3DFR-A-39 belong to cluster S.14.1.1.11.363. These two peptides are assigned beta -alpha class numbers 0.1.4 and 1.1.2, respectively, in the Loop database. This indicates that the first peptide has a zero residue loop joining a beta strand to an alpha helix, while the second peptide has a one residue loop. We find the two peptides to belong to a common cluster and find them to be superimposable with an RMSD of 0.5 ( Figure 6G) . Likewise, peptides 1TGS-I-25 and 1FBA-A-178 of cluster S.11.2.1.11.51 are classified as beta-hairpins and alpha -beta, respectively, in the Loop database. We found these peptides to be superimposable with an RMSD of 0.5 ( Figure 6H ). We conjecture that the discrepancy in class assignment, in the Loop database, has arisen due to differences in the secondary structure assignment to the two peptides, resulting in differences in loop categories or the number of residues assigned as the loop residues. A conventional loop classification algorithm then compares loops of zero residues separately and those of one residue separately. 8, 9 In other words, zero-residue loops are never compared with one-residue loops and thus different Loop classes are assigned to potentially superimposable Loop regions.
In addition to the known Loop classes, we detected several clusters for which Loop classes have not been assigned (Table 4) . 8 For example, clusters S.3.4.1.13.210, S.21.1.1.7.137, and S.3.1.1.15.559 appear to be new clusters of a-turn-a. b-hairpin and b-turn-a, respectively. These newly discovered classes are shown in Figure 6I -L. These clusters are neither superimposable nor have any overlap in terms of common peptides with any of the reported clusters. 7, 9 A majority of the large structural clusters of loops do not show strong a sequence conservation pattern. However, some of the loop clusters, such as S.4.1.0.11.10, do show a preference for Gly or Asp residues at certain locations, while some loops, such as S.1.6.1.6.19 and S.23.6.1.4.32, show exclusion of certain residues such as Gly, Pro, Trp or Cys at certain locations (Table 4) . These constraints may have arisen as certain types of conformations are not attainable by certain amino acids.
Functional clusters
A summary of representative functional clusters is given in Table 5 . The SCOP superfamily name, information content and d C a 1 -C a 8 have been incorporated in the cluster ID of the functional clusters. The functional clusters were typically made up of peptides in the loop regions, which take up a specific configuration due to the overall structural and environmental constraints of that superfamily. The sequence conservation pattern of 305 functional clusters out of 2207 match with the PROSITE sequence signature 18, 33 of the respective SCOP superfamily. The rest of the functional clusters' sequence motifs are not described in the PROSITE database. We describe the potential biological significance of some of the functional clusters below. 
Aspartic proteases
Aspartic proteases are characterized by an active site made up of two aspartate residues, drawn from a single peptide chain in non-retroviral proteins or drawn from two chains of the homodimer of the retroviral proteases. 34 We detected four distinct clusters that house the catalytic aspartate residue as the second amino acid residue in the octapeptide. Three clusters, F.b.50.1.4.9.3460, Figure 5 . a, A representative dendrogram defining the hierarchy between structural clusters belonging to supergroup number 25. The dendrogram is generated by using the 56-dimensional centroid of each of the clusters. b, Heatmap showing the centroids of one representative cluster from each supergroup. The numerical values of the centroids are color-coded for each geometric invariant to show high (red), medium (grey) and low (green) values compared to the average value for a given geometric invariant. Consensus secondary structure of the chosen cluster is indicated in brief alongside the cluster ID. Figure 6 . Average phi -psi angle plots and superposed images for some representative structural clusters. Superposed images were generated using Swiss-PdbViewer. 30 . Sequence logos and superposed images for some representative functional clusters. Superposed images were generated using Swiss-PdbViewer 30 and Sequence logos were generated as described. 27 Figure 7D ). This highlights the differences in the loop conformation for the two loops that house the two catalytic aspartate residues in non-retroviral protein and the differences in catalytic loop conformation between the retroviral and non-retroviral proteins. This differentiation is not possible based on amino acid sequences alone as all the aspartic proteases satisfy the PROSITE sequence pattern of ASP_PROTEASE.
Cysteine proteases
Three of the functional clusters specific for cysteine proteases covered the three loop regions with each loop housing a catalytic residue from the Cys/His/Asn catalytic triad ( 
Trypsin-like serine protease
The loops that house catalytic 37, 38 His57 and Asp102 take up at least two distinct conformations as indicated by two clusters for each region (Table 5 ). On the other hand, for the catalytic Ser195, a single cluster was detected, which accounts for 56 peptides from 56 proteins. Multiple clusters and smaller cluster sizes for clusters that house the catalytic His57 and Asp102 are indicative of the variable nature of these loops compared to what houses Ser195. This suggests that the loop that houses a catalytic residue can take up alternative conformations in different proteins yet maintain a conserved relative arrangement of the catalytic Ser/His/Asp residues across the family. Several other functional clusters were detected for this superfamily.
EF-hand
Several EF-hand specific functional clusters were detected that span the calcium-binding loop. 39, 40 Sequence profiles of these clusters match with the PROSITE sequence signature of EF-hand. For example, the largest cluster of this family, F.a.39.1.3.5.523, contains 63 peptides from 36 proteins (Table 5 ). This indicates the presence of multiple non-overlapping, superimposable peptides from a protein in a cluster. This is not surprising, as the presence of multiple calciumbinding loops per protein is a known phenomenon. 39, 40 Within these clusters, some of the conserved amino acid residue positions match with the reported residues that form the primary co-ordination sphere around the calcium ion.
Immunoglobulin
Immunoglobulin is an exceptional family, with its members gaining specificity with variation in loop regions on a relatively conserved framework. It is believed that the specificity is mainly determined by the sequence, size and, in turn, the structure of the hypervariable loop regions in the variable domains. 15, 16, 41, 42 Several "canonical structures" have been identified for the six hypervariable loop regions, three in the light chain and three in the heavy chain, by Chothia and co-workers. Martin & Thornton 14 have refined this classification via an automated clustering scheme. We find several functional clusters of peptides in the hypervariable loop regions (Table 5) . We detect five clusters in the L1 region, four clusters in the L2 region, three clusters in the L3 region, three clusters in the H1 region, one cluster in the H2 region. The differences in the sequence profiles and conformation for two of the clusters corresponding to the L1 region are depicted in Figure 7E and F. No cluster was detected for the H3 region, indicating that the H2 and H3 regions are significantly more variable than the L1, L2, L3 and H1 regions. Our observation on the hypervariable nature of H3 is in agreement with the observations by Chothia & Lesk. 15 The detected clusters correspond with the "canonical structures" described by Chothia et al. 15 However, some of the canonical classes described by Chothia 15 or the classes described by Martin & Thornton 14 could not be detected in our clusters. This indicates that some of the loop regions of immunoglobulin are significantly unique in their structures and do not have five or more representatives of the conformation in the PDB_95 database, the minimum required to declare a cluster of conformations as dense. Several other functional clusters were observed for immunoglobulin, within the so-called conserved backbone regions of the proteins. This throws light on possible variations in the immunoglobulin structure outside the hypervariable loops.
Discussion
This is the first report of an objective classification of peptide structural fragments and provides a significant refinement over the conventional schemes of loop classification 8, 9 and secondary structure assignment based on dihederal angles or hydrogen bonding patterns. With the possibility of an infinite number of conformations that a peptide fragment can take up, it is interesting to note that 77% of the 1.2 million amino acid residues in 4849 PDB structures are described by 12,903 clusters or conformation types. These conformations are equivalent to the building blocks that nature uses while constructing a protein. Thus, we now describe the protein structure, a sequence of overlapping octapeptides, as a sequence of building blocks or conformation types. This study has significant implications in protein structure prediction as the proteins are likely to be made up of the building blocks described above.
The clusters were categorized as functional clusters if more than 70% of the peptides in a cluster are drawn from a single SCOP superfamily. 31 This functional and structural categorization is useful in understanding whether the conformational conservation of the octapeptides in a cluster is a result of sequence homology amongst the proteins from which the peptides are drawn. The functional clusters provide clues about the potential functional sites of the protein families as described for the examples here. Of the 12,903 clusters, 10,696 are structural clusters, indicating that the conformation types are not merely a result of sequence homology or evolutionary relationship among proteins. The structural clusters are made up of regular secondary structures as well as loops. We discover several categories of a-helices with differences in the regularity of the helix. Many of these different helix categories have been described qualitatively, 10 but it has been difficult to assign these categories in an automated manner. Furthermore, it is well known that the beta strands can take up different geometrical structures and, therefore, two randomly chosen beta strand fragments are not necessarily superimposable. We discover many distinct clusters of beta strands where fragments belonging to a cluster are superimposable. Thus, beta strands cannot be considered as truly regular structures from a geometric point of view although they satisfy the loosely defined criteria of regularity of dihederal angles and hydrogen bond patterns.
We discover the majority of the categories of loops described before 8, 9, 32 in our clusters. In addition, several hundred new loop categories are discovered. All of the reported loop classification schemes define loops as structures joining two regular secondary structural elements. The loop definition is thus fully dependent on the assignment of frontier amino acids between the secondary structure element and the loop. The length of the loop may vary depending on the secondary structure assignment program. 8 The loop classification programs then cluster loops of identical length and joining similar type of secondary structure elements. This causes severe limitation to the methods, as the ambiguity in secondary structure assignment introduces a source of error. Our method overcomes this limitation by bringing all the possible octapeptide fragments, irrespective of secondary structure assignment, into one pool and then clustering them based on geometric similarity alone.
Clustering of the peptide fragment structures based on geometric invariants is a novel feature of this approach. Clustering of all the peptide fragments from the protein universe has not been reported before, possibly due to the enormous computational power required for superposing all possible pairs of fragments. We eliminate the pairwise comparison by describing the geometry of the fragment with a suite of geometric invariants. These invariants are based on the tetrahedra generated from the C a atoms of the fragment. Clustering of loops based on the phi, psi and omega torsion angles has been reported by Martin & Thorton 14 and by Oliva et al. 9 These torsion angles are related to the volumes of the tetrahedra of the four atoms concerned. Kwasigroch et al. 8 have suggested clustering of loops based on two distance measures: distance between the start (L1) and end (Ln) of the loop and the distance between the L1 -Ln axis and the center of gravity of the loop backbone. In our analysis, we use a far greater number of invariants than used by Martin & Thornton 14 or Oliva et al.
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As we have described, 23 volume is a third-order invariant. In addition, we use several first-order (length related) and second-order (area related) invariants to describe a peptide fragment. Use of geometric invariants of different order and therefore different degree of sensitivity 25 provides an advantage.
Our algorithm does not require assignment of secondary structure or classification based on the regions of the Ramachandran plot. We have shown that proteins can be considered merely as geometric objects and subjected to clustering. This also shows that the understanding of secondary structures and hydrogen bonding patterns is not essential while classifying peptide structure fragments.
It may be noted that our results are based on certain adjustable parameters in our algorithm. These parameters include the maximum allowable dimensions of the cluster, W i , in each of the 56 dimensions and the minimum number of peptides in a cluster before the cluster is declared as a dense cluster. We have obtained our results with the parameters shown in Table 1 , which have been obtained after extensive training on known similar fragments. Thus, it is possible to further refine the results by variation of the parameters. For example, the dimensions of the cluster may be relaxed to capture a larger number of peptides in a cluster as well as a larger number of clusters. Furthermore, the length of the peptide used in clustering is likely to have significant impact on the results. We have chosen octapeptides, which enables us to capture the majority of the secondary structures as well as the loops with at least one flanking secondary structure.
As a large number of conformation types are covered in our database of clusters, it is possible to generate structure-sequence relationship from the sequence conservation patterns in the clusters. This is different from the work by Baker and co-workers, 12, 43 as our clusters have originated from structural similarities rather than sequence similarities. We propose that the sequence profiles of these clusters can be used to model structures of new proteins based on our fragment library.
